A new approach of human activity monitoring with a single inertial measurement unit (IMU) capable of gait recognition and assessment is proposed for home-based applications. The method estimates the foot motion using a single IMU, then automatically segments the motion into steps, and extracts multiple kinematics templates. It classifies each segment by extracting Mahalanobis distance-based features from multiple sections of the motion templates and then training a Support Vector Machine. The proposed wearable system can distinguish between nine classes of activities with a classification accuracy of 99.6%. It can also discriminate between normal and abnormal gait patterns with an accuracy of 98.7%. In addition to a high recognition rate, the proposed approach provides a Gait Similarity Score (GSS) of the performed gait to its desired/normal pattern. The experimental results indicate the capability of GSS measure for assessing the quality of motion in 'pre-', 'initial', 'mid' and 'terminal' stages of swing phase.
Introduction
Monitoring daily activity provides a basis to increase the quality of life through continuous assessment of human's performance. This is of particular interest in pervasive healthcare [1, 2] , home-based rehabilitation [3, 4] and elderly care [5] , as well as measurement of individual's training outcomes [6] .
Activity monitoring can significantly benefit from an automatic recognition and logging framework [2] . However, human activity recognition (HAR), as the core of this framework, is highly dependent on the monitoring modalities. Physical activities are traditionally captured via camera-based motion tracking systems which suffers from limited sensing coverage. Wearable sensors are the most desirable alternative due to their ubiquitous nature [4, 7, 8] . A network of body sensors are often used to capture and analyze the full body kinematics [4, 9] . Employing multiple wearable sensors, such as motion tracking suits, can provide rich kinematic information and consequently robust and accurate activity recognition/analysis. However, there is a trade-off between the number of sensors on one hand and the subject's comfort level and feasibility of long-term activity monitoring on the other hand. To address these issues, single inertial sensor unit embedded in personal electronic gadgets (cell-phone, watch, wristband, shoe-basis, etc.) are highly investigated as attractive alternatives [4, 10, 11] . However, the raw data of these sensors fail to provide rich kinematic information which limit the extent of their activity analysis to basic quantitative information such as length of strides and average walking speed. In order to use a single sensor unit for a reliable activity monitoring, various requirements, depending on the nature of the activity, should be addressed. In this research, we focus on the requirements for a qualitative gait monitoring due to its increasing demand for home based application [12] .
Analyzing a large number of gait cycles on a daily basis entails use of automatic methods [13] . In fact, an automatic segmentation algorithm that can precisely identify the beginning and ending points of activity periods (segments), along with a robust classification framework to recognize the types of each segment, are the main components of a reliable gait monitoring system. In brief, the required components can be listed as: 1) Automatic and precise segmentation of the gait cycles, 2) Robust HAR method to classify different types of gait cycles, and 3) Extracting potential quantitative (such as the stride length) and qualitative information (such as the level of normalcy of the patterns) from the classified segments.
While different research works have investigated one or two of the above requirements, this paper addressed all the above requirements for an automatic gait monitoring system based on a single Inertial Measurement Unit (IMU). In the next section, we have reviewed the current segmentation and activity recognition techniques and summarized the contributions of this paper.
Background and Contributions
The segmentation methods can be categorized into three groups: i) fixed-length sliding window ii) activity-defined window and iii) event-defined approach [14] . The majority of activity recognition techniques use a fixed-size sliding window to segment continuous sensor streams and recognize the activity within each time window. The performance of the activity analysis in this approach is highly dependent on the window size [15, 16] . Activity-defined approach is the extension of a fixed-length moving window where the length of the window is modified based on the type of the activity. In the event-defined approach, the sensor data is segmented upon detection of an event such as toe-off and heel strike. This method is shown to provide the most reliable information for the purpose of gait analysis [14] .
The state-of-the-art in event-based approaches using a single IMU [17] [18] [19] [20] use either acceleration or angular velocity patterns for segmentation that are sensitive to sensor alignment. Moreover, the event based approach may be biased toward specific tasks. For instance, it may perform well during walking on level ground but not up/down the stairs. To address this issue, Barth et al. proposed a segmentation method based on Dynamic Time Warping (DTW) to match predefined templates with gyro and accelerometer raw data in different directions [17] . However, their main focus was detecting the number of steps and not identifying the exact starting and ending point of segments. Moreover, their method is limited to walking on level ground. Formento et al. addressed this deficiency by developing a gait event detection for stair walking, where various pre-defined rules are used to detect initial contact and foot off events from the gyro output [18] . However, their method relied on prior knowledge about the type of the activity to be segmented. In regard to classification of the segmented motion, conventional HAR methods based on inertial sensors can be categorized as feature-based [21] [22] [23] [24] [25] or template-based classifiers [26] [27] [28] [29] . For each motion segment, a set of statistical features can be extracted from raw sensor data and then used for classification purposes [22] . This statistical information includes non-directional features such as mean, variance, energy, entropy and frequency domain features or directional features such as projection of sensor data in heading and gravity directions or eigenvalues of dominant directions. The classical template-based HAR uses the same statistical features throughout either manifold learning [26, 27] or gesture-string mapping [28, 29] . While the former group reduces the feature space into a manifold to classify the activities, the latter group regards the features as string characters and simplifies the classification into a string-matching problem. A more intuitive method in template-based HAR is template matching techniques [30, 31] . Margarito et al. has recently developed a template matching method to classify sport activities based on raw accelerometer data [31] . Recent reviews on gait recognition approaches show that the majority of works are still heavily relying on raw sensor data for feature extraction [4, 10] . The coordinate system, in which the raw data are measured, is unfixed and uncertain in terms of standard planes commonly used for biomechanical analysis, as a consequence of which any alternation in sensor alignment can undermine the gait analysis.
Contributions
In this paper, we propose an automatic gait segmentation and classification technique for a single IMU. For this purpose, the full kinematics of motion is extracted form raw sensor data, and then projected on the sagittal plane of motion. A segmentation algorithm is proposed to automatically detect the period of each gait activity, which is robust against changes in type of activity and sensor alignment. It relies on a two-stage template-matching method that compares the foot's speed trajectory with a set of generic speed profiles. The segmentation output is also used to correct the cumulative error in motion estimation, which provides a reliable basis to extract gait parameters such as swing time and length of stride among others. Furthermore, at each segment, several motion template are obtained from kinematics information. We extract Mahalanobis distance between these motion templates and their corresponding reference templates in the training dataset to train a Support Vector Machine (SVM) classifier. The proposed Mahalanobis features take into consideration the variation of the gait cycles in training dataset, which lead to a higher level of separability compared to the Euclidean distance features previously used [30] . Moreover, we have proposed a qualitative measure called Gait Similarity Score (GSS) based on the Mahalanobis features to evaluate the similarity of a gait cycle to the normal pattern in four the stages (pre, initial, mid and terminal) of the swing phase .
Materials and Methods

Experimental Setup
We conducted two sets of experiments. In the first experiment, 10 healthy subjects were instructed to perform 3 different daily activities (Walking : straight walking on level ground and ramp; Stairs up : ascending up stairs; and Stairs down : descending down stairs). Subjects were asked to repeat all tasks 3 times each lasting about 5 minutes. The transition steps between Walking and the other two activities are considered as the fourth class of activity. In the second experiment, two of the subjects were asked to mimic two abnormal walking patterns: Walking with Foot Drop and Walking with a Limp. Data recorded in these experiments are considered as the fifth class (Abnormal Walking). Approximately 2000 motion segments (steps) were recorded in these experiments (200 for each subject).
For data collection, an x-IMU (x-io Technologies Ltd., UK) was utilized that included: a tri-axial gyro with 16-bit resolution and ±35 rad/sec range, a tri-axial accelerometer with 12-bit resolution and ±78.5 m/s 2 range, and a tri-axial magnetometer with 12-bit resolution and ±8.1 G range. The IMU was strapped around the subject's leg right above his/her ankle as shown in Fig. 1 . In each experiment, IMU sensor recorded acceleration, angular velocity, and magnetic field (in 3 axes) on a micro SD card at 256 Hz sampling rate.
All these measurements were done with respect to the subject's body frame (x,y,z) as shown in Fig. 1 . Additional coordinate systems were defined to facilitate the motion analysis in the world frame (X,Y,Z), Frenet-Serret frame (ê t ,ê n ,ê b ) and the sagittal frame of each step (T,Z,N). The coordinate systems attached to the mentioned frames are all illustrated in Fig. 1 .
The recorded IMU data were used to estimate the motion trajectories in the world frame. The motion trajectories were segmented and transformed into the different coordinates where motion templates were extracted for classification and qualitative analysis. The block diagram of the proposed method is shown in Fig. 2 , each block of which is explained separately in the following sections. 
Motion Estimation
Prior to activity recognition and qualitative analysis, a preprocessing stage is required to estimate the full kinematics of motion from raw sensors data to represent motion components such as acceleration ( a), velocity ( v) and position ( p) vectors in body, world or sagittal frame. The motion estimation is composed of two steps: 1) Attitude Filtering, and 2) Kinematic Analysis.
Attitude Filter
The calibrated sensors data are used to estimate the spatial attitude of the body frame relative to the world frame over time. The rotation quaternion is used in the filter as the representing variable of the geometrical orientation of the foot. The Kalman Filter proposed by Sabatini [32] is used for attitude estimation in terms of the rotation quaternion. There are two stages at each time sample. In the first stage, the quaternion is propagated based on the attitude dynamics, the input of which is provided by the gyroscopes. In the second stage, the quaternion is updated based on the observation provided by accelerometer and magnetometer data.
At each time sample, using the quaternion products of (1), an arbitrary vector p can be transformed into p by rotating around a given unit Euler axisn with an Euler angle of θ.
, whereq is the quaternion conjugate of q. Assuming the bases of the body frame (xyz) to be the rotated version of the world frame (XY Z) using (1), any vector in body frame ( p xyz ) can be expressed as p XY Z in world frame (XY Z) using (2) .
Kinematic Analysis
The goal of kinematic analysis is to calculate the velocity and position trajectories of the foot motion using the raw IMU data and the quaternion estimated in the attitude filter. To do so, the accelerometer data ( a m xyz ) is first filtered to ( a f xyz ) using a low-pass filter with a 40 Hz cut-off frequency to reduce the measurement noise. Equation (2) is adopted to define the accelerometer model as (3) in terms of true acceleration ( a t XY Z ) and gravity ( g t ) in the world frame, where the measurement noise is modeled as an unbiased Gaussian random variable N with σ
According to (4) , one can use the estimated quaternion (q) and the clean accelerometer data ( a f xyz ) to estimate the velocity in the world frame ( v XY Z ). This is done by integrating the estimated acceleration in world frame ( a f XY Z ) in which the gravity is compensated based on the sensor model of (3) .
However, because of the considerable error in attitude filtering output [33] , the estimated quaternion (q) differs from its true value (q t ). Thereby, simplistic approaches such as (4) suffer from a cumulative error due to this discrepancy as well as parametric uncertainties (e.g. the standard gravity acceleration ( g t ) depends on the geographical location but is often estimated to be a constant value ( g)).
To avoid the accumulation issue in calculating the velocity, the Zero Velocity Updating (ZVUP) proposed by Elwell [34] and improved by Skog et al. [35] is implemented. To this end, equation (3) can be approximated in the world frame by (5) which uses the estimated q and g instead of their true values. The uncertainty of this model includes the measurement noise and the quaternion estimation error, which is represented by N ( θ(t), Σ a (t)) in (5).
There are instances where the foot is in contact with the ground and the accelerometer measurement is almost equal to g. The ZVUP method tends to observe the zero velocity at these instances according to (6) . A 3 − σ covariance boundary is assumed for observation.
, where Y is the velocity observation which is defined by the linear system of (7). σ 2 a and σ 2 ω are the variance of the acceleration and angular velocity of the rest periods [35] . T s is the minimum period that guarantees a reliable zero velocity observation. In our experiments, T s = 0.1 s is used.
At each time sample, Y carries one of two possible states: 1) the rest state in which the zero velocity is observed and 2) the active state in which the zero velocity is not observed. Accordingly, one can define a rest/active period as an interval of consecutive rest/active states. Let [t 0 i t i ] be the i th rest period followed by the i
], the velocity at the two ends of these periods would be equal to zero. Assuming θ i to be the mean value of acceleration noise ( θ(t)) during i th active period, it can be estimated via (8 and 9).
Velocity can be accordingly estimated from piece-wise integration of (10) over active periods. The position vector can be obtained as well by integrating this corrected velocity over time.
Finally, by transforming the estimated world-frame kinematics into the FrenetSerret or the sagittal frame, they become independent from both the observer and the orientation of the sensor on the body [30] . For instance, (a t , a n ) is the acceleration in the Frenet-Serret frame, and (a T , a Z ), (v T , v Z ) and (p T , p Z ) are the transformed acceleration, velocity and position in the sagittal frame, respectively.
The output of kinematic analysis is shown in Fig. 3(a) . The trajectory represents the spatial position of a subject's foot walking up the stairs and the red markers indicate the segmentation points described in the next section.
Segmentation
Prior to activity classification, the kinematics information needs to be split into motion segments. Each motion segment is defined as the trajectory confined within the shortest interval between two consecutive rest states. To this end, a two-step template matching approach is implemented. At the first step, the speed trajectory is segmented based on its correlation value with a set of generic speed profiles. According to the nature of cyclic movements, we utilize the vector functions of (11) shown in Fig. 3(b) , which represent generic speed profiles for rest-to-rest motions with smooth endings (zero acceleration) and a maximum value in the middle.
Changing the value of N j , one can adjust the period of the motion time or inversely the pace of motion. Nine values of N j (155,180, ..., 355) are considered sufficient during experiments to cover any step with a fast, medium, or slow pace. The fifth speed profile (V T,5 ) with the medium pace (1m/s) is used to find the center of each motion segment (i * ). This is done by maximizing the correlation (ρ i,j ) between (V T,5 ) and a moving time window of velocity magnitude (V i,j ) as shown in (12 and 13) .
V i,j is a time window of size 2N j + 1 centered at the i th sample of speed trajectory ( v ) and i * corresponds to the local maxima of ρ i,5 . At the second step, we determine the starting (S k s ) and ending points (S k e ) of k th segment by calculating the point-to-point Euclidean distance between each speed profile (V i * ,j , j = 1, ..., 9) and its corresponding V i * ,j as shown in (14) . j * indicates the selected speed profile with the minimum distance which adjusts the length of the segment.
The starting and ending points of segments are used to extract motion components (M k i ) from any kinematic data (M i ) as defined by (15) . Motion components are also normalized with respect to the range of their values.
The segmentation output are shown to be much more reliable than ZVUP output to detect the actual rest periods and thereby we use these output in motion estimation as a feedback to correct the velocity drift again as illustrated in schematic of Fig. 2 . Finally, the motion template,
, is defined as a pair of two normalized motion components. For example any single segment of (t , v ) or (a N , a N ) trajectories is regarded as a motion template.
Every set of motion templates belonging to a certain class of activity is expected to demonstrate a unique pattern. While the shape of each template is not necessarily distinguishable by its appearance, it can be recognized through distance scoring [36] . To this end, all templates are first down-sampled to n max = 60 samples throughout this study. The resampled template (v T , v Z ) of three main activities is shown in Fig. 4 -a. 
Activity Classification
Having the motion templates, in the classification stage we aim to find the most probable class of activity. To this end, we extract distance based features from the motion templates that can distinguish between different classes of activities. For this purpose, we use the pointwise Mahalanobis distance, d k c (n), between each motion template (T k ) and the corresponding reference template in each class (T c ) according to (16) .
, where r k c (n) is pointwise distance vector and Σ c (n) is the in-class covariance matrix at each sample index (1 < n < n max ).
Finally, we divide each motion segment (e.g. one walking step) into smaller sections to represent different phases of the gait. Sectional distance, equation (17) , is the summation of pointwise Mahalanobis distance in each of these sections ([n 1 n 2 ]) that is used as a single feature representing the data point in the classification problem. For instance, to classify a motion segment, one can use (p T , p Z ) and (v T , v Z ) as two templates and divide each one into 4 equal sections and thus extract eight features from the motion segment. Therefore, the total number of features will depend on the number of motion templates as well as the number of sections in each template. Moreover, for comparison purposes, we also calculate Euclidean distance by eliminating Σ c (n) in (16) .
We used five -the number of classes-binary support vector machines that classifies one vs. all. The classification output is the class that its corresponding SVM yields the maximum score. Some classes of activity like "Transition" and "Abnormal Walking" contain several subclasses and therefore we used additional SVMs for different subcategories. It should also be noted that the extracted features are dependent on T c and therefore vary from one SVM classifier to another. In the training phase, prior to finding the weights of each SVM classifier, we calculate the reference template T c by averaging training data of each motion template within the same class. Moreover, the training data are used to estimate the pointwise inclass covariance required for feature extraction used in (16) . Fig. 4 -b demonstrates the mean trajectory for two different activities and their point-wise in-class covariance (3σ ellipses) representing the uncertainty boundary of each class of activity. The Euclidean distances between corresponding sample points are shown by dashed lines.
Gait Assessment
Two sets of quantitative and qualitative information can be extracted from the classified gait cycles, which can be used for gait assessment purpose.
Quantitative Analysis -The combination of the proposed segmentation and classification method provides a comprehensive tool for quantitative analysis of the gait. It can provide information such as the type, period and number of each activity. Also, it is possible to extract gait parameters such as periods of support and swing phases, average speed, length of stride and maximum speed and height of foot.
Qualitative Analysis -The main goal of qualitative analysis is to provide information on how well an activity has been performed. Inspired by the distance-based "Similarity Score" (18) used in the Psychology domain [37] , we suggest an alternative score (19) which maintains the inverse relation with the distance metrics but also mitigates the rapid rate of dissimilarity of (18) which is undesired in our application. Fig. 5 shows how the total (1-section) Euclidean distance feature of the position templates maps into the similarity score, where 0 and 1 respectively imply minimum and maximum of similarity to a desired activity. Analogously, using sectional Mahalanobis distance, we define sectional "Gait Similarity Score (GSS)" for different sections of the motion templates. This score is particularly important in analysis of the progress of a subject in performing walking gait cycles. Depending on the walking disorder, higher sectional GSS associated with different phases of the gait cycle can indicate patient's improvement. 
Results and Discussion
The results of the correlation matching between a sample speed trajectory and V T,5 is illustrated in Fig. 6 -a. The corresponding final segmentation results are shown in Fig. 6-b .
It is also possible to use the ZVUP of (7) for segmentation purposes. However, it is not a reliable approach, especially in fast pace motions, where multiple successive steps could be observed as a single segment. Fig. 7 demonstrates that when the Fig. 7. a) The segmentation results of a fast walking motion down the stairs. Although the ZVUP is not detected between the first six steps, the segmentation can detect the starting and ending points of each step properly. b) The segmentation output is used to correct the motion estimation by eliminating the velocity drift happened in between steps.
ZVUP can not be detected in a fast motion, the proposed method can succeed in performing a correct segmentation. For this motion, the zero velocity is obviously not observed during the rest periods in between five steps (segments) as shown in Fig. 7 -a, but the proposed correlation-based approach can accurately identify all the segmentation points, where this new segmentation output is utilized as a feedback in motion estimation to correct the velocity drift as well as shown in Fig. 7-b .
The estimated kinematic templates (mean trajectories and covariance boundaries) are illustrated in Fig. 8 . It can be observed that in comparison to velocity template, acceleration has a lower capability of separating different classes of activities. This is mainly due to attenuation of undesirable effects of high frequency components after numerical integration and also the drift-removal earlier performed by use of ZVUP. Using the average position templates, one can intuitively discriminate not only between different classes of activity (Fig. 9-a) but also between normal and abnormal walking patterns (Fig. 9-b) . Among all of the possible pairs of motion components, seven templates results in a high separation between different classes. These motion templates are: v ) and ( v , a t ) ). Fig. 10 illustrates the effect of number of sections (size of the feature set) extracted from the mentioned templates on the classification accuracy. It also compares the effect of using Mahalanobis distance and Euclidean distance-based features on classification accuracy.
It can be seen that the higher number of sections leads to higher accuracy. Also, Mahalanobis distance can provide richer information than Euclidean for classification. For instance, using one section of Mahalanobis distance (7 features) yields the same classification accuracy as using 8 sections (56 features) with Euclidean distance features. This is mainly because the covariance matrix used in Mahalanobis features can take the variations in training data into account in comparison to the Euclidean features that only considers the average of the training templates.
The segmented data mostly represent the swing phase of a gait cycle that can be further divided into 'pre-', 'initial','mid' and 'terminal' swing [38] . Therefore, in order to have a meaningful qualitative analysis it is important to have fewer sections in each template. Yet, the feature information should be rich enough to provide an accurate classification output. Based on the results shown in Fig. 10 and the mentioned considerations, the four sectional Mahalanobis distance features are extracted from each motion template.
We further compared five different combinations of motion templates for human activity recognitions which are: 1-(p T , p Z ) 2-(v T , v Z ) 3-(a T , a Z ) 4-Combination of the latter three templates 5-Combination of all seven templates. For each condition, a 5-fold validation technique through 50 iterations is used to assess the accuracy which is shown in Table 1 . The Mahalanobis-based classifier in which seven templates are used provides the highest accuracy. The confusion matrix of this classifier is shown in Table 2 . The four classes of transitions and the two classes of abnormal walking patterns are each grouped into one for better representation in the confusion matrix. The results demonstrate the strong capability of the proposed method in classifying motion segments into their true classes. The SVM classifier can effectively combine different features of sectional distances and achieve a higher accuracy. Also, it benefits from combining features of different templates that results in a high accuracy of 99.6% when using seven templates together (Table 1) . For quantitative analysis, the spatio-temporal gait parameters can be extracted by the proposed approach and used for gait assessment. A set of 6 gait parameters for two subjects in three main activities is extracted and listed in Table 3 . Subject A was a male of 66 inch height and the subject B was a female of 60 inch height. Six gait parameters were considered such as Max. speed (V max ), time of Max. speed (t(V max )), average speed (V ), stride length (L), Max. foot height (H max ) and time of Max. foot height (t(H max )). The presented approach is capable of extracting the gait parameters of different activities (straight walking, stairs up, stairs down, and transitions) separately. Although the gait parameters for some activities such as transition gaits are not desired for the gait assessment purposes but detecting them and separating them from the desired parameters of the main activity (walking) will increase the precision of the estimated parameters of walking gait, which is required for a robust automatic gait monitoring approach. For qualitative assessment, the histograms of the sectional GSS for normal and abnormal walking patterns are obtained and illustrated in Fig. 11 . The introduced GSS can reveal the level of abnormality in each of the 'Pre-swing', 'Initial Swing', 'Mid Swing' and 'Terminal Swing' phases which can be potentially used for patient monitoring or elderly care. For instance, subjects suffering from foot-drop problems are unable to lift their foot because of reduced or no muscle activity around the ankle. One of the main complications caused by this problem is the inability of the patients to clear their toe during swing. This causes the patients to drag their toe on the ground throughout the swing. This can be clearly seen in the GSS of the third section which has the lowest value. According to the power of GSS in differentiating nuances between similar gait cycles, sectional GSS value has potential to estimate the progress of different gait performances for healthy individuals. However, this paper is presenting a robust home-based gait analysis method rather than providing a statistical study which is required to consider its effectiveness for different gait analysis purposes. Table 4 summarizes the sectional similarity scores, GSS 1 to GSS 4 corresponding to 'Pre-swing', 'Initial Swing', 'Mid Swing' and 'Terminal Swing' phases, for two abnormal walkings. The lowest similarity score for each abnormal condition is highlighted. It should be noted that the reference template used for calculating the similarity score is the averaged normal walking templates of all subject and therefore is subject independent. In other words, to estimate the level of abnormality in one's gait it is not necessary to have his/her normal template. Moreover, the proposed approach has the potential to compare the similarity score of a given template to normal walking as well as another abnormal template. Although, this is not explored in this research, this can potentially be used to estimate the progress of therapy or even skill learning.
Conclusion
In this paper, we implement an automatic gait monitoring system using a single IMU mounted on the human ankle. Full kinematics including attitude and position of the foot is extracted from raw data. A reliable segmentation method is then proposed to automatically segment the gait activity into res-to-rest motion periods. From each segment, multiple motion templates are extracted and then multiple sectional Mahalanobis distance between them and the training templates are extracted and used for classification purposes. The proposed monitoring system could distinguish between walking on level ground and up/down the stairs as well as transition steps in between them with an accuracy of 99.6%.
In our evaluations, we have also considered two sets of abnormal walking: limp and drop-foot problems. The results show that the SVM classifier can discriminate between normal and abnormal walking with 98.7% accuracy. Furthermore, the proposed approach provides the gait similarity score (GSS) as a qualitative feedback on how well different gait activities are performed in comparison to normal patterns. The GSS is measured in different sections of walking gait corresponding to pre, initial, mid and terminal stages of swing phase, which can potentially be used to track the progress of patients undergoing physical therapies.
This study was intentionally limited to healthy subjects to compare their abnormal patterns with their own normal ones. Although, the power of the proposed work is in using subject independent templates, the future works should include study of patients over the period of acute rehabilitation for further validation. In such a study, the similarity score of each activity can be calculated in comparison to the subjects prior patterns as well as subject-independent normal patterns to evaluate the training progress. Finally, the proposed work can be also extended to monitor the activity of the healthy subject during training/exercise. Although the IMU system provides a sufficiently rich kinematic information for gait analysis, it faces the issue of relatively high power consumption (370 mW) in practice. However, new advances in power management and energy-harvesting [39, 40] can address this issue.
